Abstract
What Makes a Review Voted? An Empirical Investigation of Review Voting in Online Review Systems

Introduction
Consumers increasingly rely on online product reviews in guiding purchases. According to eMarketer (2010), 92 percent of consumers read online product reviews before making purchases, and 89 percent said that their purchase decisions were affected (favorably or unfavorably) after reading the reviews. However, online consumer reviews are not limited to online retailers. Traditional retailers can also take advantage of online consumer reviews to add value to in-store shopping experience. In fact, 82 percent of consumers consider online consumer reviews to be better than researching in-store with a sales associate (ZDNet, 2008) . As a result, it is not surprising that over 80 percent of retailers planned to use online consumer reviews by the end of 2010 (eMarketer, 2010) . For example, Sephora, the leading beauty retailer with presence in 13 countries and over 500 stores in the US, launched a mobile service in 2009 that allows in-store shoppers to read product reviews online.
Among the challenges posed by online consumer reviews is their explosive growth in number. It is unlikely and impossible for consumers to read all reviews in detail 1 . To help consumers find helpful reviews among hundreds of reviews on a particular product, online review providers and retailers such as Amazon 2 have implemented a voting mechanism whereby consumers can rate whether a review is helpful. For example, Figure 1 shows a list of movie DVDs from Amazon. Figure 2 shows that for each single item the number of reviews often exceed several hundreds. Figure 2 shows that, on clicking an item, one can see a list of specific reviews, the ratings given by the reviewers to the item, and the proportion of helpful votes that each review received. Many websites, including the online Apple Store, eBay, IMDB.com, and so on, have implemented a similar voting mechanism in their review systems.
Average rating and number of reviews
Figure 1. Reviews and Helpfulness-Item List with Number of Reviews
1 In fact, 64 percent of consumers spent 10 minutes or more reading online reviews, 33 percent spent 30 minutes or more, and 39 percent of consumers read eight or more reviews. Only 12 percent read 16 or more reviews (eMarketer, 2010) . 2 Amazon is among the most popular source of online consumer reviews, with 26 percent of online consumers reading the reviews on Amazon before making their purchases (ZDNet, 2008) .
perspective: our basic premise is that a vivid review that attracts attention and that motivates one to further process the review is more likely to receive votes. Conversely, a pallid review that fails to attract attention is less likely to receive votes.
We examined the effects of review characteristics on review voting and review helpfulness using reviews that had both received and not received votes for DVD and book titles from Amazon, and analyzed them using the sample selection model. Furthermore, we assessed the non-random sampling under different conditions and its implications to practice and research (e.g., type I and type II errors). This holistic approach provides a more-comprehensive understanding of the unbiased effects of review characteristics on both outcomes (review voting and helpfulness) that otherwise would be overlooked by examining each of the outcomes separately.
Theoretical Foundation and Model
Online consumer reviews have received considerable interest in research (e.g., Chevalier & Mayzlin, 2006; Dellarocas, Zhang, & Awad, 2007; Forman et al., 2008; Pathak, Garfinkel, Gopal, & Venkatesan, 2010; . One line of study has focused on the characteristics that make a review considered to be helpful (Pang & Lee 2004; Ghose & Ipeirotis, 2006; Pavlou & Dimoka, 2006; Korfiatis et al., 2008; Mudambi & Schuff, 2010) . These studies view the relationships between review characteristics and review helpfulness as driven by the diagnostic value reflected by their characteristics. In other words, reviews with certain characteristics are more likely to be voted helpful because they provide diagnostic value to consumers (Jiang & Benbasat, 2004 Sen & Lerman, 2007; Wang, Teo, & Wei, 2007; Lee & Youn, 2009; Mudambi & Schuff, 2010; Purnawirawan, de Pelsmacker, & Dens, 2012; Qiu, Pang, & Lim, 2012) .
One interesting question is whether review characteristics also affect the chance for a review to receive votes. In other words, does the diagnostic value of a review also determine whether it is more likely to receive votes? Drawing on theories and models in the information processing literature (Hovland, Janis, & Kelley, 1953; McGuire, 1968 McGuire, , 1969 Petty & Cacioppo, 1981 Herr, Kardes, & Kim, 1991) , we argue that the effects of review characteristics on review voting and helpfulness are driven by different theoretical considerations.
Review Voting and Review Helpfulness
Classical information processing theories such the message learning theory (Hovland et al., 1953) and McGuire's information processing model (McGuire, 1968 (McGuire, , 1969 suggest that people go through a series of stages in information processing (see Figure 3 ) (Hamilton & Nowak, 2005) . Beginning with message exposure, people go through message reception (attention and comprehension) and message yielding (evaluation, belief change, and attitude change). Message evaluation (the first stage in message yielding) is influenced by both attention and comprehension (the two stages in message reception). In other words, how someone evaluates a message depends not only on what information they pay attention to, but also how they comprehend this information to reach the evaluation. The elaboration likelihood model (ELM) also views message evaluation as being influenced by multiple stages (Petty & Cacioppo, 1981 : the model posits that message evaluation is determined by both an individual's motivation and ability to elaborate on the message. Similarly, the accessibility-diagnosticity model (Herr et al., 1991) posits that message evaluation depends on both the information's vividness (accessibility) and diagnosticity. A common theme across the different theories and models in information processing is that the influence of message characteristics on message evaluation depends not only on their effects on comprehension/diagnosticity/ability, but also on their effects on attention/vividness/motivation. Each stage can be influenced by message characteristics in different manners. For example, a vivid message that attracts greater attention (Tversky & Kahneman, 1974; Nisbett & Ross, 1980) and enhances an individual's motivation to process the content (MacInnis, Moorman, & Jaworski, 1991) is not necessarily more diagnostic than a pallid message (Herr et al., 1991) .
Online consumer review studies have primarily looked into the effects of review characteristics on review helpfulness from diagnosticity-comprehension perspectives. The basic premise is that reviews' characteristics that enhance their diagnosticity are expected to be evaluated favorably. However, given the large number of online consumer reviews, it is unlikely that every review is comprehended and determined on its diagnosticity. Hence, the diagnositcity-comprehension paradigm, while providing a strong theoretical explanation on why a review is voted helpful or not helpful (i.e., review helpfulness), may not explain why a review is voted or not voted in the first place (i.e., review voting).
Instead, we examine the effects of review characteristics on review voting from the vividness-attention perspective. The basic premise is that a review's vividness, as enhanced by review characteristics, determines whether the review is likely to receive votes in the first place. Hence, given the large number of online consumer reviews, a vivid review, which tends to attract readers' attention (Tversky & Kahneman, 1974; Nisbett & Ross, 1980) and motivate them to read (MacInnis et al., 1991) it, is more likely to be voted. Conversely, a pallid review, which tends to draw less attention (Herr et al., 1991) , is more likely to be overlooked or abandoned. An overlooked or abandoned review is unlikely to receive votes.
Past studies have examined several review characteristics related to reviews' text (Pang & Lee, 2004; Ghose & Ipeirotis, 2006; Pavlou & Dimoka, 2006; Korfiatis et al., 2008; Mudambi & Schuff, 2010; Cao, Duan, & Gan, 2011) , their numerical rating (Forman et al., 2008; Mudambi & Schuff, 2010) , their author (Forman et al., 2008; Ghose & Ipeirotis, 2011) , and so on. In this study, we examine the effects of these review characteristics on review helpfulness from the diagnosticity-comprehension perspective, whereas we review their effects on review voting from the vividness-attention perspective.
Review Content
Review length and readability are two frequently studied review characteristics (Mudambi & Schuff, 2010; Ghose & Ipeirotis, 2011) . Review length measures the amount of information in a review, and a longer review, ceteris paribus, should be more comprehensive in information and, thus, more diagnostic and more helpful than a shorter review (Mudambi & Schuff, 2010) . Readability measures the ease of reading the content (Korfiatis et al., 2008) , which affects how one comprehends the review (Ghose & Ipeirotis, 2011) . Consistent with past studies, we argue that review length and readability reflect the diagnosticity of a comprehensive and comprehensible review, which, in turn, affects its helpfulness.
Yet, in the context of online consumer review, not every review is fully attended to, comprehended, and evaluated on its helpfulness. In many cases, most reviews are simply ignored without being attended to at all. For a review to be possibly evaluated on its helpfulness, it has to be attended to in the first place, or else it has no chance to be comprehended to determine its diagnosticity. In this regard, the review's vividness plays a prominent role in influencing the amount of attention it receives (Tversky & Kahneman 1974; Nisbett & Ross, 1980; Herr et al., 1991) and readers' motivation to further process the review further (MacInnis et al., 1991) .
Review length reflects the size of a review's text on the screen. Without having to comprehend the content, a longer review is visually more salient and less likely to be overlooked on the screen than a shorter review. Readability, which reflects the linguistic sophistication of a review (Ghose & Ipeirotis, 2011) , affects the attention required to skim through the review. Furthermore, researchers have suggested that readability can impact a message's perceived concreteness and interestingness (Sadoski, Goetz, & Fritz, 1993; Sadoski, 1999) , both of which affect its vividness (Hamilton & Hunter, 1998; Hamilton & Nowak, 2005) . Hence, we argue that review length and readability affect the salience of and the attention drawn to a review, which have a direct influence on review voting.
H1a: A longer and readable review is more likely to receive votes.
H1b: A longer and readable review is more likely to be rated as helpful.
Review Valence
Positive and negative reviews have been shown to exert different degrees of influence in product evaluation (Sen & Lerman, 2007; Forman et al., 2008; Lee & Youn, 2009; Khare, Labrecque, & Asare, 2011; Cui, Lui, & Guo, 2012) . Research on negativity bias suggests that negative information is generally considered more diagnostic than positive information (Skowronski & Carlston, 1987; Herr et al., 1991) . Furthermore, apart from its diagnosticity, negative information is also more vivid than positive information (Fiske, 1980; Herr et al., 1991; Vonk, 1993) . With people being mildly positive most of the time, negative information becomes more salient in contrast and attracts greater attention than positive information (Fiske, 1980; Skowronski & Carlston, 1987; Smith, Cacioppo, Larsen, & Chartrand, 2003) .
Hence, the literature suggests that review valence may have similar effects on review voting and helpfulness, but for different theoretical explanations. The diagnosticity explanation for review valence on review helpfulness is based on the premise that negative information is more probative or less ambiguous than positive information and, thus, more helpful to someone making a judgment. This is in line with the purchasing bias identified in online consumer reviews, which suggests that positive reviews are more likely to be reported than negative reviews (Hu, Pavlou, & Zhang, 2009 ). The purchasing bias results in review valance skewed toward the positive on average. Positive reviews inflate the positively skewed bias further, whereas negative reviews reduce it. Hence, negative reviews, being more diagnostic to unbiased judgment, are more likely to be voted as helpful compared to positive reviews.
The vividness explanation for review valence on review voting is based on the premise that negative information is more salient than positive information and, thus, more likely to be attended to. Given the overwhelming number of online consumer reviews being positive, negative reviews are expected to be visually more salient in contrast and attract greater attention than positive reviews. Hence, negative reviews are more likely to receive votes than positive reviews because they are more vivid. Negative reviews are more likely to be considered helpful than positive reviews because they are more diagnostic.
H2a: A negative review is more likely to receive votes than a positive review.
H2b: A negative review is more likely to be rated as helpful than a positive review.
Review Extremity
Online consumer-review studies have found review extremity as another review characteristic that affects review helpfulness (Forman et al., 2008; Mudambi & Schuff, 2010; Cao et al., 2011) . Review extremity is commonly measured by the rating given to a review, and reviews with extreme ratings (e.g., one star or five stars) are often associated with "brag or moan" views (Hu et al., 2009 ). The single-sided and biased views associated with extreme reviews make them less diagnostic than reviews with moderate ratings (Mudambi & Schuff, 2010) . Hence, reviews with extreme ratings are less likely to be considered helpful.
However, extreme information has been shown to be more vivid and attract greater attention (Skowronski & Carlston, 1987; Herr et al., 1991) . In the context of online consumer reviews, with most reviews being four-star or five-star reviews (Hu et al., 2009 ), a one-star review is more visually distinct and more likely to noticed. The reverse holds for a five-star review among mostly one-star or two-star reviews. In fact, extreme reviews, positive or negative, are more likely to receive a higher number of helpfulness votes (Cao et al., 2011) , which suggests that they generally attract greater attention. Furthermore, the seemingly discrepant view suggested by an extreme review creates cognitive dissonance, a psychological tension that induces motivation to attend to the review (Festinger, 1957; Strong, 1968; Greenwald & Ronis, 1978; Akerlof & Dickens, 1982; Harmon-Jones & Mills, 1999; Cooper, 2007) . Hence, while being less diagnostic, extreme reviews are more vivid. As such, they are more likely to be attended to, but they are less likely to be considered helpful.
H3a: An extreme review is more likely to receive votes.
H3b: An extreme review is less likely to be rated as helpful.
Reviewer Credibility
Reviewers' characteristics have also been found to play an important role in online consumer reviews (Pavlou & Dimoka, 2006; Brown, Broderick, & Lee, 2007; Cheung, Lee, & Rabjohn, 2008; Hu, Liu, & Zhang, 2008; Cheung, Luo, Sia, & Chen, 2009; Ghose & Ipeirotis, 2011; Pan & Zhang, 2011; Baek et al., 2012; Cheung, Sia, & Kuan, 2012; Dou, Walden, Lee, & Lee, 2012) . In particular, review characteristics that suggest the reviewer's credibility have a positive impact on review helpfulness (Forman et al., 2008; Ghose & Ipeirotis, 2011) . The influence of source credibility on message evaluation has been well documented in the literature (Chaiken & Maheswaran, 1994; Jones, Sinclair, & Courneya, 2003; Sussman & Siegal, 2003; Eisend, 2004; Pornpitakpan, 2004; Tormala & Petty, 2004; Eisend, 2010) . In general, information from a credible source is more diagnostic and given more thoughtful consideration (Chaiken, 1980; Petty & Cacioppo, 1981 Herr et al., 1991; Chaiken & Maheswaran, 1994; Van Hoye & Lievens, 2009) . It follows that reviews from credible reviewers are more likely to be considered helpful.
In Amazon and many online review systems, reviews by reputable reviewers are visually tagged with a "top reviewer" badge, which serves a visual cue that helps consumers to skim through the overwhelming number of reviews and heuristically determine which reviews to consider further (Bikhchandani, Hirshleifer, & Welch, 1998; Hansen & Haas, 2001; Forman et al., 2008) . The "top reviewer" badge makes the review tagged with the badge visually more prominent on the screen regardless of the content. Hence, reviews by top reviewers are more likely to be attended to.
H4a: A review from a top reviewer is more likely to receive votes.
H4b: A review from a top reviewer is more likely to be rated as helpful.
Figure 4 depicts the research model. The model contains two dependent variables: review voting and review helpfulness. Review helpfulness is only observed for voted reviews. Hence, we examined review helpfulness by considering review voting to account for the sampling bias (Heckman, 1976 (Heckman, , 1979 . Consistent with past literature, we argue that the effects of review characteristics on review helpfulness are theoretically driven by the review's diagnosticity. However, we argue that the effects of review characteristics on review voting are theoretically driven by the review's vividness. Given the different theoretical considerations, review characteristics may impact review voting and review helpfulness in different manners. 
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Data
In this paper, the units of analysis are reviews about specific items. Our data contains a random sample of 37,007 reviews on 629 DVD titles and 89,362 reviews on 1,003 books from Amazon 3 . To ensure that all the reviews were sufficiently exposed to consumers, we discarded reviews that were published for less than three months. On average, each DVD and book received 59 and 89 reviews, respectively. The average ratings for DVD and book were 4.28 and 4.36 on a five-point scale from one star (lowest) to five stars (highest).
Measures
We used two dependent variables: review voting and review helpfulness. We measured review voting with a binary variable that indicated whether a review received votes for being helpful (voting): "0" denotes that the review received no votes, and "1" denotes that the review received at least one vote. We measured review helpfulness, as adapted from past studies (Mudambi & Schuff, 2010; Ghose & Ipeirotis, 2011) , by the proportion of helpful votes received (helpfulness), or the ratio of helpful votes to total votes received by a review.
Following past studies, we measured the reviews for their length and readability (Korfiatis et al., 2008; Mudambi & Schuff, 2010; Ghose & Ipeirotis, 2011; Korfiatis et al., 2012) . We measured length by the number of words in the review (Words). We measured readability with the Flesch Reading Ease Score (FRES) of the review, a widely used measure that indicates how easily a text is comprehended (Flesch, 1948 (Flesch, , 1951 (Flesch, , 1974 . FRES has also been used in online consumer review studies to measure reviews' readability in online consumer review studies (Korfiatis et al., 2008; Ghose & Ipeirotis, 2011; Korfiatis et al., 2012) . FRES ranges from 0 (very difficult to read) to 100 (very easy to read). In general, a text with a FRES between 0 and 30 would be best understood by college graduates, a text with a FRES between 60 and 70 would be easily understood by 13-to 15-year-old students, and a text with a FRES between 90 and 100 would be easily understood, an average, by 11-year-old students.
We derived review valence based on the positive and negative words in a review, which we identified by using the General Inquirer content analysis software word list (Buvac & Stone, 2001 ). We measured positive review valence by the proportion of positive words, or the ratio of positive words to total words (positive valence). We measured negative review valence by the proportion of negative words, or the ratio of negative words to total words (negative valence). A review that is high in positive or negative valance suggests that the review consists of mainly positive or negative information, respectively (e.g., a one-sided review). A review that is high in both positive and negative valence suggests that the review includes both positive and negative information (e.g., a two-sided review). A review that is low in both positive and negative valence suggests that the review lacks positive or negative information (e.g., an equivocal review).
We measured review extremity by the difference between the rating given by a review and the average rating given by all reviews (rating difference), and in a similar manner for positively and negatively extreme reviews (i.e., we consider the absolute differences) (Cao et al., 2011) . For example, we would denote a one-star review on a product with an average rating of 4.5 stars with a rating difference of 3.5. High extremity suggests that the review has a drastically different view, which makes it more likely to attract attention (Cao et al., 2011) .
We measured reviewer credibility by a binary variable that indicates whether a top reviewer wrote the review (top reviewer). Amazon ranks all reviewers based on the quantity and quality of all the reviews each reviewer writes, and reviews written by top reviewers are tagged with a "top reviewer" badge. Hence, "1" denotes that a top reviewer wrote the review with a "top reviewer" badge, and "0" denotes otherwise.
Tables 1 and 2 present descriptive statistics and correlations of the variables. As previous studies on online consumer reviews (e.g., Forman et al., 2008; Ghose & Ipeirotis, 2011 ) suggest, we included control variables, including average review ratings for the reviewed items (average rating) 4 , sales ranks of the items, number of days elapsed since the reviews were published (review age), and number of reviews received by the items (total reviews), in the analyses. Since review extremity concerns about the difference in rating given by a review relative to other reviews, we included the average rating as a control variable in the estimation. 
Empirical Model
The primary model we used to analyze the data was as the sample selection model (Heckman, 1976 (Heckman, , 1979 . We used the same model because some reviews were voted because of systematic reasons, such as their length (Mudambi & Schuff, 2010; Ghose & Ipeirotis, 2011) or readability (Korfiatis et al., 2008; Korfiatis et al., 2012) . Hence, a sample that contains only voted reviews is likely to be nonrandom. Least squares estimation of such a non-random sample would produce biased estimates (Greene, 2007) 
The sample selection model of voting comprises two equations:
Equation 1: Voting: si * =wi ' γ+ui , si=1 if si * >0, and 0 otherwise.
Equation 2:
Helpfulness: yi=xi ' β+εi, which is observable only if si=1.
The conditional expectation of review helpfulness is:
where is the correlation between the two error terms, and , is the standard deviation of , and is the inverse Mills ratio. Equation 1 is a Probit "selection" equation that allows us to explore what determine whether a review gets voted. Equation 2 is the key equation of interest -it relates review helpfulness to the review characteristics.
Ordinary least squares regression of Equation 2 using observations for which (i.e., only voted reviews) would produce biased estimates because of the second term in Equation 3. The problem is akin to an omitted variable bias. The parameters in Equation 2, however, can be consistently and efficiently estimated by using the information (specifically, the predicted ) obtained from Equation 1 in a two-step estimation procedure (Heckman 1976 (Heckman , 1979 .
Results
We first estimated a basic model that contained only the control variables. We report the results in column 1 of Table 3 (DVD dataset) and Table 4 (book dataset). Review age was positively correlated, and sales rank and total reviews were negatively correlated, with voting. These results are well expected because the longer a review has been published, the more likely it would have received at least one vote. Reviews of popular items with lower sales ranks were more likely to receive votes because customers are more likely to buy them (hence their popularity). The negative influence of total reviews could be due to limited attention span. When there were more reviews per item, it was less likely for readers to go through and vote for each of them. There were no unequivocal influences from these variables on helpfulness. 
Review Content
H1 and H1a state that longer and readable reviews are more likely to receive votes and be rated as helpful, respectively. As Tables 3 and 4 (Column 2) show, the coefficients of words on helpfulness were positive for DVDs and books. However, the coefficients of words on voting were positive for DVDs but negative for books. One possible explanation is that the effects of review length are nonlinear: if a review is too long, people may disregard it simply because they do not want to comprehend a long message (Holmqvist, Holsanova, Barthelson, & Lundqvist, 2003) .
To test the non-linear effects of review length, we included squared term of words (words squared) in the estimation (Column 3, Tables 3 and 4). The coefficients of words and words squared were significant with opposite signs, which support the non-linear effects of review length and explain the inconsistent linear effects on review voting across DVDs and books. Both DVD reviews and book reviews were very large in quantity (687 DVD reviews and 588 book reviews per item; see Table 1 ). However, DVD reviews were considerably shorter in length than book reviews (91 words per DVD review and 141 words per book review; see Table 1 ). Our results suggest that, ceteris paribus, a longer DVD review, among many short reviews, is more likely to receive votes and be considered helpful until it becomes too long (about 430 words). However, a book review, among those already long reviews, needs to be sufficiently long enough for it to be increasingly likely voted (at least 230 words, or 90 words longer than average) and considered helpful (at least 140 words). In other words, a slightly longer book review among numerous long book reviews does not necessarily benefit from its greater length unless it goes beyond a certain threshold.
Interestingly, the FRES coefficients on voting and helpfulness were both negative. Most commonly used readability measures take two factors into consideration: sentence length and word complexity. Sentence length is measured by average number of words per sentence. Word complexity is measured by average number of syllables per word. FRES was negatively correlated with number of words per sentence and number of syllables per word 6 . The results suggest that less-readable reviews (i.e., longer sentences with more-complex words) are more likely to receive votes and be rated as helpful. Past literature has shown that reduced readability, while increasing comprehension difficulty, does increase motivation to elaborate (Lowrey, 1998; Bradley & Meeds, 2002) . Within a moderate range of readability, the increased motivation to process the review due to reduced readability outweighs the increased comprehension difficulty, which results in an overall enhancement to the review's comprehension and diagnosticity. In our data, approximately 65 percent of reviews had a FRES higher than 60 (easily understood by 13-year old or younger students). Less than five percent of reviews had a FRES lower than 30 (best understood by university graduates). Given the majority reviews were in the easy to moderate range of readability, a decrease in readability may actually enhance the overall comprehension.
To assess the individual effects of sentence length and word complexity on the two outcomes, we reestimated our model by replacing readability with average sentence length (words per sentence) and word complexity (syllables per word) (see Column 4, Tables 3 and 4). The coefficients of the two replacement variables on the two dependent variables were both positive (cf. negative when FRES was used) 7 . In other words, both sentence length and word complexity were individually important to the two outcomes. Accordingly, provided that a review remains reasonably readable, the use of elaborated sentences and/or sophisticated words do interest consumers to attend to it and read further. A review written in simple language may be considered unprofessional and unhelpful (Petty & Wegener, 1998; Petty & Brinol, 2002) .
Review Valence
H2 and H2a state that negative reviews are more likely to receive votes and be rated as helpful than positive reviews. Our findings (Tables 3 and 4 , Column 2) show that the negative valance was positively associated with both voting and helpfulness, and that positive valence was negatively associated with voting and helpfulness. In other words, the results suggest that negative (positive) reviews are more likely to receive votes, and that they are generally considered to be more (less) helpful. The findings are consistent with the literature in negativity research, which suggests that negative information is considered more vivid and diagnostic than positive information (Ahluwalia, 2000; Sen & Lerman, 2007) . Given the overwhelming number of online consumer reviews, customers are unlikely to attend to every review, but rather skim through them and selectively attend to some. With the majority of reviews being positive (Chevalier and Mayzlin 2006; Hu et al. 2009) 8 , negative reviews are more likely to attract attention than positive reviews.
Given that negative reviews are more likely to receive votes, we expect that they will receive higher number of helpfulness votes than positive reviews. To confirm this, we regressed the total number of votes (total votes) obtained by each DVD and book review on positive and negative valence. Table 5 reports the results. We found negative valence (positive valence) to be positively (negatively) associated with the total number of votes. This is consistent with the conjecture that negative reviews are more likely to be attended to and receive votes than positive reviews. To probe further into this phenomenon, we grouped the reviews based on the medians of positive valence and negative valence, and compared the reviews in terms of voting and total votes for reviews with (1) high positive valence and low negative valence, and (2) low positive valence and high negative valence. Table 6 reports the results. The reviews in group (ii) had a significantly higher chance of being voted and received substantially more votes than those in group (i). 
Review Extremity and Reviewer Credibility
H3 and H3a state that review extremity has positive effects on review voting but negative effects on review helpfulness. Our findings (Tables 3 and 4 , Column 2) support these hypotheses. The opposite effects suggest an interesting trade-off between review voting and review helpfulness. The positive coefficients of rating difference on voting suggest that reviews with extreme ratings are more likely to receive votes. However, the negative coefficients of rating difference on helpfulness suggest that reviews with extreme ratings, while more likely to receive votes, are considered less helpful. Finally, H4 and H4a state that reviews by top reviewers are more likely to receive votes and be considered helpful. The positive coefficients of top review on voting and helpfulness supported these hypotheses.
Sample Selection Bias
Our results suggest that sample selection bias is significant in online voting. Reviews with votes were systematically different from those without votes. To assess the impact of such selection bias, we removed all reviews that received no votes and re-estimated the review helpfulness equation using ordinary least squares (OLS) 9 . Table 7 shows the OLS results and the review helpfulness results in the sample selection model.
The estimated coefficients were remarkably different in terms of magnitude and significance. For variables such as words, FRES, positive and negative valence, top reviewer, and so on, their impacts on voting and helpfulness were in the same direction (i.e., both positive or both negative), but the OLS estimates on helpfulness were biased downwards. For the variables of interest, the underestimation ranged from -19 percent to -60 percent. In the cases of the positive valence and negative valence, the OLS estimates were insignificant in the DVD data (N = 28,230), which is a smaller set than the book data (N = 73,282), though still quite sizeable by most standards. In general, when a review characteristic impacts review voting and review helpfulness in the same direction (i.e., both positive or both negative), ignoring the sample selection effect would result in an increased risk of committing a type II error (false negative).
Conversely, rating difference had opposite effects on voting (positive) and helpfulness (negative), and the OLS estimates on helpfulness were biased upwards by approximately 30 percent (from +28 to +35%). In this case, sample selection poses a greater threat to research because overlooking it would result in an increased risk of committing a type I error (false positive). 
Discussion and Implications
What makes a review helpful do not necessarily make them receive votes. Yet, only helpful reviews that receive votes can be identified by online review systems. We looked at the impacts of review characteristics on both review voting and review helpfulness. Our results indicate that review voting is not a random act. Just as some reviews are generally more helpful, some are more likely to receive votes. By analyzing data on DVD and book reviews from Amazon, the results suggest a few interesting points.
Reviews are not necessarily better being long and easy to read. A longer review attracts attention and motivates reading up to a certain point, and discourages processing when the additional cognitive effort anticipated exceeds the incremental value expected from extra length. This is probably the case for DVD reviews, where the reviews are generally shorter (91.37 words on the average in our data). However, for book reviews where other reviews are generally longer (141.46 words on the average in our data), a longer review among the already long reviews may actually discourage further reading since the additional processing effort anticipated is likely to outweigh the incremental value expected from the extra length. Besides, reviews using elaborated sentences and sophisticated vocabularies, though technically less readable, may appear more professional. Provided that the reviews are sufficiently readable, they are more attractive to read and considered more helpful. Reviews that are too readable (e.g., those composed of short or even broken sentences using simple vocabularies) may appear unprofessional. They are more likely to be disregarded or evaluated unfavorably.
It is not surprising that praising reviews, which constitute the majority of reviews, are less likely to receive votes. Not to mention the fact that they are considered less helpful, it is more difficult for praising reviews to stand out from the crowd and attract people to read. Rather, people are more attracted to, or even purposely screen for, criticizing reviews because they are more helpful for individuals' purchase decisions. This is consistent with the literature that negative information is more vivid and diagnostic than positive information (Herr et al., 1991; Ito, Larsen, Smith, & Cacioppo, 1998; Ahluwalia, 2000; Rozin & Royzman, 2001; Sen & Lerman, 2007) . Besides, people also use the "top reviewer" badge as a heuristic cue to screen reviews for further reading (Chaiken, 1980; Petty, Cacioppo, & Schumann, 1983; Petty & Cacioppo, 1986; Chaiken & Maheswaran, 1994) . Reviews labeled as written by top reviewers are more likely to be voted, and they are generally also more helpful.
The opposite effects of review extremity on review voting and review helpfulness create an interesting trade-off and demonstrate the different theoretical considerations that drive review voting and review helpfulness. Consistent with past studies, an extreme review is generally considered less helpful. Without considering review voting, one may conclude that a moderate review is preferred because it is more helpful. However, a moderate review with a similar rating as most other reviews appears to offer nothing unique, which makes it less appealing and more likely to be overlooked or disregarded. Instead, the opposite effects of review extremity on review voting and review helpfulness together suggest that it is the reviews that are discrepant enough that appear to offer some different opinions, yet not too extreme to appear as biased, are more likely to be attended to and evaluated favorably.
Implications for Research
This study has some implications for research. First, by examining the effects of review characteristics on both review voting and review helpfulness together, the study provides some additional insights that would otherwise have been overlooked by studying the two outcomes separately. For example, by simply looking at the negative effect of review extremity on review helpfulness, one might conclude that extreme reviews are bad and moderate reviews are good. However, the positive effect of review extremity on review voting suggests that moderate reviews are more likely to be unnoticed or disregarded since they are perceived to be similar to other reviews and to provide little extra value. In fact, the opposite effects of review extremity suggest that reviews that are discrepant enough to appear different from other reviews and draw people's attention, yet not too discrepant to appear as biased, would motivate people to read and evaluate them favorably.
Second, just as any other voluntary mechanism, review voting is systematically determined by review characteristics. Analyzing review helpfulness based on observed outcomes alone is subject to the sample selection bias that cannot be simply mitigated with a larger sample. While past studies on online consumer reviews acknowledge the bias, this study is among the first attempts that actually address the bias and assess its nature. By comparing the sample selection model estimates and the OLS estimates, we show that, when a review characteristic affects both review voting and review helpfulness in the same direction, ignoring the issue of sample selection would result in a higher risk of committing type II error. However, when the effects are in the opposite direction, as in the case of review extremity, ignoring the issues of sample selection would result in a higher risk of committing type I error.
Implications for Practice
This study also provides some implications for practice. Our findings suggest some general design guidelines to online consumer review systems. For example, to encourage other consumers to read and evaluate the reviews, online review systems may want to determine the desirable review length for different products and guide or even restrict reviews' length. Automated agents may be deployed to provide support (e.g., spelling and grammar checking, synonym suggestion, readability statistics, etc.) to reviewers when writing reviews. Reviewers may be reminded to take a more-balanced view in the review when it becomes too "extreme", or be more specific in justifying their opinions. Given that consumers are more attracted to reviews with extreme ratings and those written by top reviewers, features may be implemented to allow these reviews to be filtered to help consumers find those reviews more easily.
Our findings also show that reviews are not equally likely to receive votes, and that there are systematic differences between reviews with and without votes in terms of their characteristics. Online review systems should exercise caution when building predictive models using only reviews with votes for providing personalized recommendations. Without considering the fact that some reviews are more likely to receive votes, such models would be biased toward certain types of reviews. In fact, the systems may examine newly published reviews that have not been received votes, identify those that are potentially helpful but likely to be overlooked by consumers, and display them in positions that are more prominent. This would help consumers discover helpful reviews that would otherwise be buried among other reviews.
Limitations
The findings of this study should be interpreted with caution. First, our data was limited to DVD and book reviews at Amazon. With the growing wealth of literature on the different effects for different product categories, such as search vs. experience products (Bhattacharjee, Gopal, Lertwachara, & Marsden, 2006; Weathers, Sharma, & Wood, 2007; Mudambi & Schuff, 2010) , and hedonic vs. utilitarian products (Park & Young, 1986; Okada, 2005; Smith, Menon, & Sivakumar, 2005) , the generalizability of our findings to other product categories requires further investigation. For example, by looking at books and DVDs, this study focuses on products with which people tend to have more emotional experiences. It is plausible that the relationship between diagnosticity and attention would be different for goods with more specific, fact-driven characteristics (such as an outdoor grill). Second, we focused on characteristics related to the reviews in our empirical model. Future research could augment our analysis with voters' characteristics, such as their level of expertise and involvement. The literature suggests that these characteristics may moderate the impacts of review characteristics on review voting and review helpfulness (Sussman & Siegal, 2003) . Finally, we were limited to observable variables available from Amazon, and we used them as surrogate measures of review characteristics. The use of surrogate variables, together with other uncontrollable variables in secondary data, limits our model's explanatory power. Future studies using controlled experiment could directly examine how different review characteristics affect the processing of review in different stages.
Conclusions
The success of any online system that involves voluntary use often depends on whether consumers participate in exploring the information presented by the system, and whether they, after exploring the system, actually prefer to use it. What motivates people to explore a system in the first place is often different from what makes it evaluated positively. The sample selection involved in voting (selection) and helpfulness (response) is clearly not limited to online consumer review. Past studies have mostly addressed either the "selection" (e.g., Chen, Harper, & Konstan, 2010; or the "response" (e.g., Mudambi & Schuff, 2010; Ghose & Ipeirotis, 2011) question in isolation. This study suggests that integrating these two outcomes in a holistic analysis may provide richer insights on online consumer behavior.
